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Abstract
Background: Alzheimer’s disease has been known for more than 100 years and the underlying molecular
mechanisms are not yet completely understood. The identiﬁcation of genes involved in the processes in Alzheimer
aﬀected brain is an important step towards such an understanding. Genes diﬀerentially expressed in diseased and
healthy brains are promising candidates.
Results: Based on microarray data we identify potential biomarkers as well as biomarker combinations using three
feature selection methods: information gain, mean decrease accuracy of random forest and a wrapper of genetic
algorithm and support vector machine (GA/SVM). Information gain and random forest are two commonly used
methods. We compare their output to the results obtained from GA/SVM. GA/SVM is rarely used for the analysis of
microarray data, but it is able to identify genes capable of classifying tissues into diﬀerent classes at least as well as the
two reference methods.
Conclusion: Compared to the other methods, GA/SVM has the advantage of ﬁnding small, less redundant sets of
genes that, in combination, show superior classiﬁcation characteristics. The biological signiﬁcance of the genes and
gene pairs is discussed.
Background
Sporadic Alzheimer’s disease [1] is the most common
form of dementia. It is an irreversible, neurodegenerative
brain disease featuring clinical symptoms usually starting at an age over 65 years, although the early-onset
Alzheimer’s disease, a rare form, can occur much earlier.
Even though there are a lot of studies on Alzheimer’s
diseases, its causes and progression are not well understood. A full appreciation of the underlying molecular
mechanisms could be the key to its successful treatment.
In particular, identifying genes that have a diﬀerent property in disease aﬀected versus healthy tissues (biomarkers)
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could help both understanding the causes of the disease as
well as suggest treatment options.
Based on gene expression data from diﬀerent brain
regions of patients diagnosed with Alzheimer’s disease
and a healthy control group [2], we analyze the utility
of identifying biomarkers by a wrapper approach involving a genetic algorithm and a support vector machine [3].
The same method showed good results selecting biomarkers for the pluripotency of cells [4]. In this paper, we will
compare some of the results obtained for pluripotency to
the results obtained for Alzheimer. While ﬁnalizing this
comparison, we noted an inadvertent problem in the data
processing in [4], leading to slightly elevated accuracies
due to an incorrect handling of replicates. In this paper,
all results reported for the pluripotency data set were redone, using the correct design regarding replicates (see
Methods).
One of the important advantages of the wrapper of
genetic algorithm and support vector machine (GA/SVM)
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as a method to identify biomarkers is the observation that
it ﬁnds small gene sets that are good biomarkers in combination. In particular, we identify and describe pairs of
genes that are much better suited for separating the diseased and the healthy samples, as compared to the single
genes of such a pair.
Recent studies [5-8] have identiﬁed new candidate genes
associated with Alzheimer’s disease. The candidate genes
selected in [5,6] are based on the expansion of reference gene sets whose role in the disease is already well
deﬁned. In contrast, we provide a method that allows
the identiﬁcation of new candidate genes for Alzheimer
from microarray data, without including any prior knowledge. Therefore, we are able to use gene sets and networks already associated with Alzheimer’s disease as a
ﬁrst independent validation for the biological relevance of
our results. The approaches in [7,8] are closer to ours in
that they also do not rely on prior knowledge. They use
Independent Component Analysis [7] and Special Local
Clustering [8], respectively, to transform gene expression data, and then select candidate genes in a relatively
straightforward fashion. In contrast, we work directly with
gene expression data, and use a more complex method of
selecting candidate genes.

Results
In [4], we introduced the GA/SVM algorithm that shows
good results identifying pluripotency related genes using
a pluripotency-related (PLURI) data set. As we use the
same technique for analyzing the Alzheimer’s diseaseassociated (AD) data set, part of the Results section is
the comparison of the results obtained on the two sets.
(See Methods section for details on these data sets.)
We then continue and analyze the speciﬁc synergistic
performance of gene pairs proposed by the GA/SVM
approach using the AD data set as well as the PLURI
data set.
Classiﬁcation

As a ﬁrst step of our analysis we look at the classiﬁcation performance of ﬁve diﬀerent classiﬁcation methods,
implemented as described in the Methods section. Table 1
shows the cross-validated classiﬁcation accuracy for all
ﬁve methods on the AD data set. We also provide the
results we obtained on the PLURI data set already published in [4] for comparison, based on the corrected
cross-validation scheme (see Methods).
For both data sets the SVM with linear kernel shows
the highest classiﬁcation accuracy with 91.9% on the AD
data set and 99.0% on the PLURI data set. The lowest
accuracies are obtained by the C4.5 decision tree classiﬁer and the Naive Bayes classiﬁer with an accuracy
smaller than 82% on AD and smaller than 96% on PLURI.
The performance of the other three classiﬁers is in the
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Table 1 Accuracy of six classiﬁers
AD

PLURI

Naive Bayes

81.4%

87.1%

C4.5 decision tree

78.9%

95.1%

Nearest neighbor

87.0%

96.5%

Random Forest

87.0%

97.2%

SVM + Gaussian kernel

85.7%

97.9%

SVM + linear kernel

91.9%

99.0%

The classiﬁcation results of diﬀerent methods on the two 1, 000 gene data sets
AD and PLURI. The classiﬁcation accuracy is computed as average from a 3-fold
cross-validation.

intermediate range. We further observe a large diﬀerence
between the two data sets. No matter what classiﬁcation
method we use, the observed cross-validation accuracy is
much lower for AD than for PLURI. As SVM with linear kernel shows the best results on both data sets, we
use this classiﬁer for evaluating the quality of the genes
selected with diﬀerent feature selection methods in the
next section. Because the SVM is part of one of our
feature selection methods, we use a random forest classiﬁer as well as SVM with Gaussian kernel to evaluate
quality of classiﬁcation.
Feature selection

Feature selection is used in machine learning to select a
subset of relevant features that improves classiﬁcation. We
use feature selection by information gain, random forest
and the GA/SVM to ﬁnd biomarkers with a potentially
high importance in Alzheimer’s disease.
For feature selection on the AD data set, we use the same
methods as for the PLURI data set [4]. In the following
section we display all results for the AD data set and the
PLURI data set next to each other to ease the comparison
of the results.
Classiﬁcation performance of selected genes

In order to give a clear statement about the quality of
the potential biomarkers found by the three feature selection algorithms, we compare the test set accuracies taking
a cross validation approach, where the genes selected
on the training set are used for classiﬁcation. Therefore,
we split all samples into three subsets and prepare each
fold as described in the Methods section. The resulting
1,000 genes of each fold are sorted by their importance
based on applying information gain, random forest and
the GA/SVM on two subsets as the training set, where the
GA/SVM is run 200 times on each fold. Then we select
the best 50, 40, 30, 20, 15, 10, 5, 3, 2 and 1 genes for
each algorithm and each fold and utilize these to compute the classiﬁcation performance using an SVM with
Gaussian kernel and one with linear kernel as well as a
random forest on the respective test sets. As classiﬁcation
accuracy for each method, the average accuracy over all
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three folds is used. For each of the three folds two subsets
were used for feature selection. To test the quality of the
selected genes we train a classiﬁer on these two subsets
using the gene expression values of these genes as input.
The classiﬁcation accuracy is determined by using the
remaining subset for testing (for more details see Methods
section). As we use the SVM within the genetic algorithm, the odds are that the SVM might favor the genes
found by the GA/SVM, this is why we use random forest
as well.
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In Figure 1, we plot the classiﬁcation results. Using
just a few biomarkers for classiﬁcation, the genes selected
by information gain and random forest are better suited
for separating the samples into two classes, compared
to the genes selected by the GA/SVM. However, taking 5 or more genes for classiﬁcation, the genes selected
by the GA/SVM perform better than the ones chosen by the other two methods. No matter if we use
an SVM or random forest as classiﬁer, we observe the
same results.

Figure 1 Classiﬁcation accuracy of selected genes. Classiﬁcation accuracy of three classiﬁers using incrementally smaller sets of genes, identiﬁed
by our three feature selection methods.
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Mutual information of selected genes

For each feature selection method we construct all possible gene pairs from the 50 top-ranked genes. We calculate
the mutual information [9] for each of those gene pairs.
Figure 2 shows the Gaussian density estimations of the
resulting mutual information values for the three feature
selection methods.
For both data sets we ﬁnd that the mutual information in the genes selected by our GA/SVM algorithm is
lower than in the genes selected by information gain and
random forest. Furthermore we observe a large diﬀerence between the PLURI and the AD data set. For all
three methods the mutual information obtained in the top
50 ranked genes is higher in the PLURI than in the AD
data set.
Performance of small biomarker sets

Since the advantage of the GA/SVM is that it ﬁnds small
sets of genes well suited for classiﬁer training when used
together, we compare the classiﬁcation performance of
the individual small gene sets selected in single runs of
the GA/SVM to the performance of those genes found
most often in all diﬀerent runs (as before), collecting all
genes together, from all runs of the GA/SVM. We use the
same three folds as for the performance analysis described
above, for selecting the genes for training and testing the
classiﬁer. As accuracy we calculate the average over all
three folds. Again we run the GA/SVM 200 times on each
fold and rank the genes for each fold by the frequency of
their occurrence. Then we take incrementally smaller sets
of the top ranked genes and use them for classiﬁcation
on the test set of the respective fold using an SVM with
Gaussian kernel. Each of the runs of the GA/SVM results
in a small set of genes which are supposed to work well
together for classiﬁcation. Thus, we use each set of genes
for the training of a Gaussian SVM and combine the accuracies by computing the mean accuracies for all sets with
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a speciﬁc number of genes. This is done again for each
fold separately and in a last step the average over all three
folds is taken. Figure 3 shows the results of this comparison. The classiﬁcation accuracy of the small sets found
by the GA/SVM in a single run is usually higher than the
accuracy of the combined list.
Top genes

Table 2 lists the top 20 most important genes selected by
each of the three feature selection methods (GA/SVM,
information gain and random forest) and a list of genes
obtained by combining the results of the three methods as described in the Methods section. Here, we base
the estimation of the important genes on all samples and
increase the number of runs of the GA/SVM to 500.
We observe more similarities between the top genes
identiﬁed by information gain and random forest. However, they both have genes in common with the genes
found by the GA/SVM. Besides, the top three genes in
the overall list are ranked among the top 20 by all three
algorithms.
Enrichment analysis

To demonstrate the biological relevance of our biomarker
candidates we perform an over-representation analysis (as
described in the Methods section). We study the overrepresentation of the genes identiﬁed as most important
biomarkers by the three feature selection methods (information gain, random forest and GA/SVM) in pre-deﬁned
lists of genes known to play a role for Alzheimer’s disease.
Our gene sets are analyzed for enrichment with respect
to various gene sets associated with Alzheimer’s disease.
Since there is no pre-deﬁned number of most important
genes, we start with the best 40 genes and increase the
number in steps of 20 up to 200 genes. That way we obtain
9 gene sets for each of the three feature selection methods.

Figure 2 Mutual information. Density of mutual information of the top 50 genes for three feature selection methods.
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Figure 3 Classiﬁcation accuracy of small gene sets. Classiﬁcation accuracy measured by an SVM with Gaussian kernel. For training the classiﬁers,
we use incrementally smaller sets of best ranked genes (combined list) and the small gene sets found by the GA/SVM in single runs.

In Figure 4 we ﬁnd a signiﬁcant enrichment (p-value <
0.05) for nearly all of the tested gene sets in the list of
genes associated with Alzheimer’s disease by GeneCards
(www.genecards.org). The biomarkers found by information gain and random forest are signiﬁcantly enriched in
the KEGG pathway of Alzheimer’s disease [10] as well as

Table 2 Top 20 genes
GA/SVM

Information gain

Random forest

Overall

loc642711

ﬂj11903

loc283345

loc283345

prkxp1
loc283345
sst

tncrna

ﬂj11903

pcyox1l

loc283755

loc642711

c6orf151

ptpn3

gprasp2

mid1ip1

ly6h

pcyox1l

tncrna

bcl6

ercc3

ppih

pcyox1l

ppih

hsd17b7

mid1ip1

maﬀ

loc643287
tnni3k
cdk2ap1
fbxo16

gprasp2

pdzd11

sst

loc283345

maﬀ

hsd17b7

c6orf151

loc283755

cdc37

gem

mettl7a

ﬂj25477

ep300

taf3

mrps22

bcl6

ﬂj11903

cdc37

palld

loc645352

loc285927

nfkbia

loc645352

prr11

mael

fam63a

eif3s12

taf3

znf415

supv3l1

rad51c

slc12a7

terf2ip

c6orf151

anp32b

mgc12488

scrib

fam54b

ubxd4

nfkbia

pdzd11

pcyox1l

terf2ip

c6orf151

gprasp2

bcl6

atp5b

mxi1a

ep300

The top 20 genes selected by the three feature selection methods. Additionally,
an overall gene list of all three methods is shown. The genes occurring in all four
lists are highlighted in bold.

in the two collections of Alzheimer’s disease related genes
by Genotator [11] and AlzGene [12]; in case of GA/SVM,
only enrichment (without signiﬁcance) is observed. The
genes found by the GA/SVM show a signiﬁcant enrichment, however, in the brain speciﬁc gene lists of Soler et
al. [13] and Goni et al. [14]. Notably, while the list of Soler
et al. is also enriched in the genes found by information
gain and random forest, the gene list of brain-speciﬁc tissue found by Goni et al. is only signiﬁcantly enriched in
the gene lists of size 100 and more that are derived by
our GA/SVM. In the blood speciﬁc list of Goni et al. none
of the three feature selection methods yields gene sets
showing an enrichment.
Interaction analysis

As shown in the previous sections, our GA/SVM ﬁnds
genes that are suitable for separating two groups of samples on the basis of their gene expression values, but there
are other methods showing a good performance on this
problem as well. Compared to information gain [15] and
random forest [16], the GA/SVM diﬀers fundamentally,
however. During each run it selects a speciﬁc small set of
genes. On average, these sets show an even better classiﬁcation capability than the genes of the combined list
(see Figure 3). Explicitly selecting small sets of features,
we can not only ﬁnd good biomarkers, but we can also
observe joint occurrences of genes well suited for training classiﬁers. Some gene pairs in the selected feature sets
consist of two genes occurring at the frequency expected
if we assume that the genes contribute independently to
the classiﬁcation performance of the SVM that is wrapped
by the GA. Other gene pairs are present more frequently
(over-represented) or less frequently (under-represented)
than expected, so we assume that those genes are not independent of each other. These gene pairs are the subject in
the analysis that follows.
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Figure 4 Gene set enrichment analysis. Results of the gene set enrichment analysis for incrementally larger sets of genes found by the three
feature selection methods. Green: signiﬁcant enrichment (p-value < 0.05). Yellow: enrichment. Red: no enrichment.

As described in the Methods section, for each gene pair
we calculate the strength of over- or under-representation
(importance jo) considering 3,000 small gene sets selected
by the GA/SVM. This way, we are able to label which
gene pairs are most over-represented and which are most
under-represented in the small gene sets. We use 3,000
small sets to ensure a suﬃciently large number of signiﬁcantly over- and under-represented gene pairs for our
analysis, where signiﬁcance is deﬁned as described in the
Methods section. For the same reason, we examine gene
pairs instead of triples or combinations of more than three
genes. Further, we use an SVM with Gaussian kernel to
determine the SVM classiﬁcation accuracy (SVMacc), the
mean gain of accuracy (SVMgainMean) and the minimal
gain of accuracy (SVMgainMin) of each gene pair (see
Methods section).
Figure 5 shows the SVM classiﬁcation accuracy
(panel(a)), the mean gain of accuracy (panel(b)) and the
minimal gain of accuracy (panel(c)), each time averaged
over the 3, 6, 9, . . . , 75 most over- and under-represented
gene pairs.
In Figure 5(a) we consistently obtain a higher classiﬁcation accuracy for the most over-represented gene pairs
than for the most under-represented gene pairs. However,
we are not primarily interested in the absolute classiﬁcation accuracy of those gene pairs, but in the relative
gain of accuracy observed by combining two genes. In
Figures 5(b) and 5(c) we illustrate the gain of accuracy we
obtain by combining two genes. The mean accuracy gain
as well as the minimal accuracy gain is signiﬁcantly larger
for the most over-represented gene pairs than for the
most under-represented gene pairs (two-tailed t-test [17],
p-value ≤ 0.05). Furthermore we observe a decrease of
accuracy gain, the more less important over-represented
gene pairs we add. The inverse applies for the underrepresented gene pairs. Here we see a slight increase of
accuracy gain, the more under-represented gene pairs
we add.
Figure 6 shows the gene expression diagrams of the
single most over- as well as the single most underrepresented gene pair for each data set. The ﬁgure gives

a visual impression of the accuracy gain obtained by
combining two such single genes, enabling inspection
of their expression patterns in two dimensions. The
line charts show the Gaussian kernel estimates of the
gene expression distribution of the single genes. The
distribution is shown for each of the two categories
of samples separately, using the red line for aﬀected
(Alzheimer respectively pluripotent) and the black dotted
line for non-aﬀected samples (healthy respectively nonpluripotent). The scatterplot shows the expression values
of both genes in two dimensions. In the density charts
of the most over-represented gene pairs we see a large
overlap of the two classes, whereas the overlap in the scatterplot is much lower. For the most under-represented
gene pairs we see a large overlap of the two classes in the
density diagram as well as in the scatterplot. The corresponding SVM accuracy of the single genes as well as the
SVM accuracy for the gene pairs and the mean and minimal gain of accuracy are given in Tables 3 and 4. We note
that the accuracy gain is high for most over-represented
gene pairs.

Discussion
We split the discussion into three parts. The ﬁrst part
concerns the quality of the three feature selection methods information gain, random forest and GA/SVM as
well as the classiﬁcation performance of diﬀerent classiﬁers. The second part deals with the over- and underrepresented gene pairs selected by the GA/SVM. Finally,
we discuss the biological relevance of the selected
genes.
Comparison of the three feature selection methods

Usually, regulatory processes in a cell are very complex
and single genes are not able to explain all aspects of a
biological cell state. For this reason, combining the bestranked genes to improve the classiﬁcation capability is
a frequently used approach [18,19]. However, combining
redundant genes usually does not improve the classiﬁcation capability of a gene set much.
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Figure 5 Accuracy and accuracy gain of the most over- and under-represented gene pairs. Accuracy and accuracy gain of the most over- and
under-represented gene pairs. As we obtain only 38 signiﬁcantly over-represented gene pairs for the PLURI data set, the upper lines for the PLURI
data set are truncated.

Figure 1 shows the classiﬁcation capability of incrementally smaller sets of genes ranked top by our three feature
selection methods. Independently of the classiﬁer used
to evaluate the resulting gene list, we observe very similar results. There does not seem to be any particular
preference for the GA/SVM if the SVM is used to measure performance. This suggests that the selected genes
generally have a good classiﬁcation capability. Comparing

classiﬁers only trained with the best 50 genes (Figure 1)
to classiﬁers trained with the larger set of 1000 genes
(Table 1), we ﬁnd nearly no diﬀerence in classiﬁcation
accuracy. We assume this to be another piece of evidence
for the quality of the selected biomarkers.
For both data sets we observe the same two main points.
First, if we use only few genes for training a classiﬁer,
the genes selected by information gain and random forest
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Figure 6 Visualisation of the most over- and under-represented gene pairs. Visualisation of the most over- and under-represented gene pairs
of the AD and the PLURI data set. The scatter plots show the distribution of the gene expression values of the samples for the pairs of genes. The
density diagrams show the distribution of gene expression values of the samples for single genes. The pluripotent and Alzheimer aﬀected samples
are marked by + and continuous lines (red), the non-pluripotent and healthy samples are marked by 0 and dotted lines (black).

show better classiﬁcation results than the genes selected
by GA/SVM. Second, if we use ﬁve or more top ranked
genes, the genes selected by GA/SVM are better.
Expanding on [4], we explain these observations by
the diﬀerences between the three feature selection methods. Information gain ranks a gene only considering the
gene expression values of this single gene. For this reason we expect a lot of redundancy among the top ranked

genes. The results in Figure 1 show that the accuracy
increases slowly as we increase the number of genes
used for classiﬁcation, which probably happens precisely
because combining redundant genes does not improve the
classiﬁcation accuracy much. Nevertheless, the Shannon
entropy [20] (used by information gain) seems to be a
good ranking criterion, as the top ranked gene shows a
very good classiﬁcation capability.

Table 3 Most over/under-represented gene pairs
Gene pair

SVMacc

SVMgainMean

SVMgainMin

Data set

SLC39A12/LAP3(↑)

80%

14%

10%

AD

SLC39A12/GEM(↓)

71%

2%

1%

AD

Utp20/Irx3(↑)

92%

13%

11%

PLURI

Otx2/Gbx2(↓)

88%

4%

3%

PLURI

Most over(↑)- and most under(↓)-represented gene pairs and their corresponding accuracies.
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Table 4 Single genes of the most over/under-represented
gene pairs
Gene

SVMacc

Data set

SLC39A12

70%

AD

LAP3

63%

AD

GEM

69%

AD

Utp20

81%

PLURI

Irx3

77%

PLURI

Otx2

83%

PLURI

Gbx2

85%

PLURI

Accuracies of the single genes contained in the most over(↑)- and most
under(↓)-represented gene pairs (see Table 3).

In contrast to information gain, random forest determines the importance of a gene based on the classiﬁcation capability of that gene in multiple trees. This way
the score of each gene depends on the gene expression
value of other genes as well. Nevertheless, usually the
list of top ranked genes still contains many redundancies
(see Figure 2). This explains why combining multiple top
ranked genes does not distinctly improve the classiﬁcation
capability of the trained classiﬁer.
In contrast to these two methods, our GA/SVM has
a strong tendency to eliminate redundant genes. This
is demonstrated by the observed low values of mutual
information (see Figure 2) measuring the mutual dependency of gene pairs. Thus we hypothesize that each small
gene set, selected by the GA/SVM in a single run, consists of genes that fulﬁll diﬀerent functions for the speciﬁc biological state. If multiple genes are redundant,
only one of those redundant genes tends to be chosen by chance, as a member of a gene set. For this
reason, ranking the genes by their frequency of occurrence in the small gene sets, genes with many redundant
partners are infrequent. The genes best ranked by the
GA/SVM tend to have no redundant partners in the list of
top ranked genes concerning the speciﬁc biological state
(Alzheimer aﬀected; pluripotent). Combining top ranked
genes strongly improves the classiﬁcation capability of a
gene set, as can be seen in the sharp rise (from right to
left) in the accuracy as the number of genes increases in
Figure 1.
Analyzing the 50 top-ranked genes of each feature selection algorithm we observe that the genes selected by
the GA/SVM algorithm on average show less pairwise
mutual information than those selected by information
gain and random forest. As the mutual information of
two genes is a measure for the mutual dependency of
the genes we assume that on average two genes selected
by our GA/SVM algorithm depend on each other in a
weaker degree than genes selected by the other two feature selection methods. As a high mutual dependency

reveals redundancy between the genes, this supports our
assumption that the gene lists selected by the GA/SVM
algorithm contain less redundancies than the genes
selected by information gain and random forest.
Even though GA/SVM is known to show good results
in feature selection [3,4,21,22] the utility of the small gene
sets selected during a single run has not been investigated
in-depth yet. In the following section we consider this
topic.
Analysis of the small gene sets of GA/SVM

Many machine learning methods used for learning
biomarkers, such as information gain [15] and random
forest [16], perform only univariate ranking of genes.
Although the top-ranked genes are valuable hints for
understanding the underlying molecular mechanism of
cellular processes, these processes are usually more complicated than single genes are able to explain. We are,
therefore, interested in small sets of genes that best distinguish Alzheimer diseased versus healthy tissues (respectively pluripotent versus non-pluripotent cells).
In the previous section we discussed that small sets of
genes obtained from the GA/SVM combined list are better suited for classiﬁcation than those from information
gain and random forest. Small sets individually selected by
the GA/SVM have an even higher classiﬁcation accuracy,
as seen in Figure 3. For this reason, we conclude that the
assembly of speciﬁc genes in a small set plays an important role for the prediction accuracy of classiﬁers using
the genes selected by our GA/SVM. Therefore, it is useful to examine gene pairs that occur more frequently or
less frequently than expected in the small gene sets of the
GA/SVM.
In Figure 5 we display the diﬀerence between the most
over- and under-represented gene pairs in absolute classiﬁcation accuracy as well as in mean and minimal gain
of accuracy. We observe that gene pairs often selected
together in a single small gene set of the GA/SVM are
on average better suited for separating the two groups
of samples than those gene pairs rarely selected together
(Figure 5(a)). Further, we observe that the GA/SVM
prefers to assemble those genes whose combination leads
to an increase (gain) of classiﬁcation accuracy (Figure 5(b)
and Figure 5(c)). We propose that non-redundant genes
are chosen together much more often than redundant
genes.
Figure 6 shows the most over-represented and underrepresented gene pair for both data sets. The corresponding SVM accuracies can be found in Tables 3 and 4. For
the AD data set the two genes LAP3 and SLC39A12 individually have a low classiﬁcation capability (accuracy: 63%
and 70%, respectively). However, LAP3/SLC39A12 is the
most over-represented gene pair in the AD data set. Combining the two genes increases classiﬁcation accuracy to
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80%. Figure 6(a) illustrates the similar distribution of the
two sample groups regarding the single genes, as well
as the straight separability of the samples using both
genes. Using a simpliﬁed rule, we may classify a sample as Alzheimer-aﬀected if the gene expression value of
SLC39A12 is larger than the expression value of LAP3.
For the most over-represented gene pair of the PLURI
data set we make some similar observations. Combining
the single genes Irx3 and Utp20 with individual classiﬁcation accuracies of 77% and 81% increases accuracy to
92%. In Figure 6(b) we ﬁnd the sample distribution concerning the single genes even better separable than for
Lap3/SLC39A12 (see Figure 6(a)). Using a simple rule, we
classify a sample as pluripotent if Utp20≥ 8 and Irx3≤ 6.
For the two most under-represented gene pairs in
Figure 6(c) and Figure 6(d) we cannot determine such an
easy rule for distinguishing the two sample groups. From
a biological point of view we hypothesize that the genes
contained in the pairs occurring in the small sets selected
by the GA/SVM more often than expected are responsible
or indicating the speciﬁc biological state, but we assume
that they are not co-regulated and, therefore, not correlated. Instead we hypothesize that the genes fulﬁll diﬀerent functions with respect to the speciﬁc biological state.
We ﬁnd indirect evidence for this hypothesis by inspecting
Gbx2/Otx2, which constitute the most under-represented
gene pair in the PLURI data set. Otx2 and Gbx2 are both
known to play a role in pluripotent and undiﬀerentiated
stem cells [23,24]. Further, Gbx2 and Otx2 interplay as
antagonists in cellular processes [25-27]. This negative
correlation suggest that the two genes are redundant and,
therefore, selected together rarely in a small set of genes
by the GA/SVM. Inspecting the other gene pairs displayed
in Figure 6 we ﬁnd no reference to their interactions or
redundancy in the literature. Thus, it is future work to
investigate our hypothesis in more detail, optimally in a
systematic way.
Comparison of the two data sets

Performing the same analyses on two diﬀerent data sets
(PLURI and AD) enables us to compare the two data sets
with each other and draw some conclusions about the two
biological phenomena.
Besides many similarities between the two data sets
already discussed in the two previous sections we also
observe an important diﬀerence. Independently of the
analysis performed, we observe a diﬀerence in absolute
classiﬁcation accuracy between the two data sets. Performing the same analysis, the accuracy obtained on the
PLURI data set is usually at least 5% higher than on the
AD data set (see Figures 1, 3 and 5(a) as well as Tables 1, 3
and 4).
Another interesting point is the diﬀerent size of the
small gene sets selected by the GA/SVM on AD and
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PLURI. Starting with approximately 15 genes in the start
chromosomes of the GA/SVM, the algorithm selects up
to 15 genes in the ﬁnal small sets on the AD data set
but only up to 8 genes on PLURI. For that reason we
can assume that more genes are required for separating
Alzheimer’s disease aﬀected samples from healthy ones
than pluripotent from non-pluripotent.
There are two possible reasons for the diﬀerences
between the two data sets. (1) As the size of the two data
sets diﬀers a lot (containing 286 samples in the PLURI
and 161 samples in the AD data set) and machine learning
methods work best on large data sets, increasing the number of samples of AD could improve the ability of training
a good classiﬁer. (2) There are diﬀerences in the number
of genes involved in pluripotency and Alzheimer’s disease,
and in the way these genes function together. This could
lead to speciﬁc diﬃculties in the classiﬁcation problem
based on the respective data sets. Both reasons are also
supported by the diﬀerent sizes of the small sets selected
by the GA/SVM.
Biological relevance of the selected genes

In this subsection we discuss the biological relevance of
our results on the AD data set.
First, we elaborate on the enrichment analysis performed on the best genes selected by the three feature
selection methods (see Figure 4). Second, we discuss the
top genes in detail (see Table 2).
The gene list provided by GeneCards (www.genecards.
org) when searching for Alzheimer’s disease is the most
extensive one. All of the gene sets computed by the three
feature selection methods show a signiﬁcant enrichment.
For the two gene lists oﬀered by Genotator [11] and
AlzGene [12] the biomarkers selected by information gain
as well as random forest show a signiﬁcant enrichment.
The genes selected by the GA/SVM still show an enrichment. The experimental gene expression array studies of
Soler et al. [13] (brain) and Goni et al. [14] (blood+brain)
show an interesting point. Whereas the genes found by
the GA/SVM are enriched in both studies concerning the
brain, for information gain and random forest we only ﬁnd
an enrichment in the gene list of Soler et al. As we use only
samples of brain tissues, it is understandable that none
of the methods show an enrichment in the blood-based
genes found by Goni et al.
The top ﬁve genes we found using the GA/SVM
are LOC642711, PRKXP1, LOC283345, SST and LY6H.
Although some of these genes are not yet well characterized, we can identify a relevance for Alzheimer’s disease
for the majority of them.
The GA/SVM wrapper method found that LOC642711
is a very good choice for a small set of genes that can
discriminate Alzheimer-aﬀected brain tissue from nonaﬀected brain tissue. However, LOC642711 has a RefSeq
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status of ’withdrawn’. To shed some light on this, we
performed a nucleotide BLAST search with the withdrawn RefSeq, accession XM 931285.1, using standard
parameters. The best match (see Additional ﬁle 1) is
NR 036650.1, the ’WAS protein homolog associated with
actin, golgi membranes and microtubules pseudogene
(LOC100288615)’, which is 100% identical to our probe,
over 75% of its length. This pseudogene is abbreviated
as WHAMMP3, WHAMML12 and WHDC1L1 (according to GeneCards), and very recently is was shown to be
part of a duplication on chromosome 15 associated with
Alzheimer [28]. Also, sorting in post-golgi compartments
has been implicated in AD [29]. Further analyses and
experiments are needed to ﬁnd out about the expression
pattern of this pseudogene and its possible involvement in
Alzheimer’s disease.
Recently, PRKXP1, SST and TNCRNA (also known as
NEAT1, listed second by information gain) were identiﬁed
by Squillario and Barla [30] as part of a 39 gene signature
implicated in Alzheimer’s disease.
LOC283345, known as RPL13P5, is ranked by all three
feature selection methods as one of the best 20 genes,
although we have not found any link to Alzheimer’s
disease. However, RPL13 has been implicated in severe
Alzheimer [7] although it is also known as a housekeeping
gene, in qRT-PCR studies in autopsy brain tissue samples from control and Alzheimer diseased cases [31] and
it indeed shows a very low log fold change of 0.04 in our
data set. However, its pseudogene 5 shows a very high log
fold change of 0.96. Therefore, we assume that there is an
unknown link between the pseudogene and Alzheimer’s
disease, possible mediated by the original RPL13 gene.
Alternatively, there may be unknown phenomena that
confound the distinction between the pseudogene and the
gene itself.
PRKXP1 is another pseudogene; interestingly the original gene PRKX is patented as an Alzheimer’s disease diagnostic and therapeutic target (http://www.google.com/
patents/US20090136504).
SST (somatostatin), see also [30], expression was shown
to be decreased in cortex and hippocampus of Alzheimeraﬀected brains [32]. SST also occurs in the top 20 overall
list, since it is ranked high by information gain and random forest as well.
LY6H is patented as a brain-speciﬁc gene for treating
Alzheimer’s disease (http://www.freepatentsonline.com/
y2004/0254340.html).
Besides LOC283345, LOC642711 and TNCRNA (see
above), the random forest ranks FLJ11903 and
GPRASP2best. The function of the pseudogene FLJ11903
is not yet known. GPRASP2 encodes a protein that was
shown to interact with several GPCRs (G protein-coupled
receptors), which are relevant for the signal transduction
system in Alzheimer’s disease [33,34].
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Similar to random forest, information gain ranks
FLJ11903 and TNCRNA best. It further chooses
LOC283755, PTPN3 and PCYOX1L as most important
genes. The protein encoded by PTPN3 (also known
as PTPH1) belongs to a family known as cellular process regulating signaling molecules. A PTPH1 inhibitor
is patented for the treatment of Alzheimer’s disease
(http://www.freepatentsonline.com/y2011/0015254.html).
Moreover, PTPN3 is a phosphatase and phosphorylation of the tau protein is considered highly relevant for
AD progression [35]. The two genes LOC283755, also
called HERC2P3, and PCYOX1L are not yet related
to Alzheimer’s disease. Nevertheless, PCYOX1L is the
second highest ranked gene in the overall list.
An interesting gene in the overall list, following
LOC283345 and PCYOX1L, is C6ORF151. As the two
others, it is ranked by all three selection methods as one
of the top 20 genes. Likely, C6ORF151 is involved in U12type 5’ splice site recognition; also known as SNRNP48
it participates in the massive transcriptional downregulation seen at late stage neurodegenerative (ALS) disease
aﬀecting mRNA metabolism and processing as well as
RNA splicing [36].
The gene ranked 4th overall, MID1IP1, is among the
top-10 genes found upregulated in the Alzheimer neocortex [37]. Finally, the gene ranked 5th overall, BCL6,
is (together with CD24) the only immunity-related gene
with signiﬁcantly higher expression in severe Alzheimer’s
disease that was singled out by principal component analysis (PCA) [7].
Recapitulating, we can demonstrate that the majority
of the genes found by the three feature selection methods are related to Alzheimer’s disease. The genes not yet
associated with Alzheimer’s disease will have to be further
examined.

Conclusion
Using our GA/SVM wrapper approach we identiﬁed new
candidate biomarkers and, moreover, small sets of these,
for Alzheimer’s disease, potentially providing new insights
into the associated molecular processes. We expect that
future biological experiments can test some of our computational predictions.
Compared with two popular feature selection methods, information gain and random forest, our GA/SVM
shows the most promising results in ﬁnding new potential biomarkers. Usually, single genes are not responsible
for the behavior of a cell. That is why we are also interested in ﬁnding genes who together are best suited to
distinguish Alzheimer-aﬀected cells from healthy ones,
as compared to the single genes. While common feature
selection methods do not consider such gene interactions
for ﬁnding biomarkers, our GA/SVM not only considers
these interactions in biomarker selection, it also enables
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us to identify pairs of genes relevant for Alzheimer’s disease that classify the samples very well when they are used
in combination.
One promising way to improve the GA/SVM approach
that we consider important future work is the use of
specialized recombination and mutation operators based
on directly feeding back ranking information based on
the SVM results. Such approaches have been previously
described in [38-40].
In the future, we would like to test our method on
many more data sets, describing a wider variety of cellular
phenotypes and diseases.

Methods
Gene expression data

On the subject of Alzheimer’s disease, surprisingly few
large studies of gene expression exist. We use the data
set GSE5281 as a comparatively large data set with raw
data available. This data series consists of 161 samples
of six diﬀerent brain regions. 87 samples are of patients
diagnosed with Alzheimer’s disease whereas the other 74
samples are from a healthy control group [2]. The experiments are based on an Aﬀymetrix human genome U133
Plus 2.0 array. We refer to this data set as the AD data set.
As the samples of diﬀerent brain regions partially originate from the same volunteers, we deal with partially
correlated sample structures. To perform a proper cross
validation on the data set, we ensure that all samples
of the same patient are either in the training or in the
test set. This way the training remains completely independent of the testing. Each sample is treated as a speciﬁc characteristic of either an aﬀected or an unaﬀected
brain and analyzed as if being an independent measurement. Furthermore, each sample can be associated with
one of six brain regions. For each brain region the data
set consists of approximately the same number of samples. To ensure that we identify genes that are usable
for distinguishing between Alzheimer aﬀected and nonaﬀected samples and not between samples of diﬀerent
brain regions, we additionally take care of using uniform proportions of the brain regions in the training and
test sets.
For comparison, we also discuss feature selection and
machine learning results obtained with another data set
referred to as PLURI. This set contains 146 pluripotent
and 140 non-pluripotent samples of mouse cells. Here, all
experiments are based on an Aﬀymetrix mouse genome
430 2.0 array. The PLURI data set contains multiple replicates. To enable a proper cross validation with independent training and testing, in this paper we ensure that all
replicates of a sample belong either to the training or the
test set. We inadvertently did not follow this approach in
[4], reporting slightly elevated accuracies there. A side-by-
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side comparison of all results for Alzheimer and pluripotency can be found in the Additional ﬁle 2.
Data preprocessing

We accomplish data preprocessing in the same way as
described in [4]. In the following, we give an overview of
this process.
First, we summarize the Aﬀymetrix gene expression
arrays by using the Aﬀymetrix Power Tool [41] implementing the robust multi-array average (RMA) method
[42,43]. We use unmodiﬁed perfect match intensities for
background adjustment, quantile normalized intensities
[44] and median polish as summation method [42,43].
Before further ﬁltering the data set, we combine all
Aﬀymetrix probe set identiﬁers that correspond to the
same gene symbol from the UniGene record [45] by calculating the mean value. At this point, the two data sets
contain gene expression data for 19, 762 (AD) and 20, 668
(PLURI) genes.
We split the analysis of the two data sets into two parts:
(1) Analyzing the performance of classiﬁcation algorithms
and (2) ﬁnding best biomarkers. For (1) we use a suitable
cross-validation approach with independent training and
test sets. For that reason, we split the data sets into three
subsets, to set up a three-fold cross-validation process
using the same folds for each classiﬁcation and feature
selection algorithm. For each of the three folds two subsets are used for training, whereas the remaining subset
is used for testing. The partitioning of the two data sets,
following the rules set forth in the ﬁrst section (’ Gene
expression data’), can be found in the Additional ﬁles 3
and 4. In order to ﬁnd the best biomarkers (2), we avoid
information loss by using the whole data set for the
feature selection process.
As the ﬁrst step of our analysis, we perform the following ﬁltering process for each of the three training sets
(1) as well as for the whole data set (2), for both AD and
PLURI. As we are interested in genes that are responsible
for distinguishing the two classes of samples (aﬀected
and unaﬀected by Alzheimer’s disease, pluripotent and
non-pluripotent), genes that show diﬀerent expression
values between these two groups of samples are identiﬁed
by applying a two-sample t-test for samples with unequal
variances. Then, the genes are sorted by their corrected
p-values based on the concept of false discovery rate [46].
We dismiss all genes with a false discovery rate estimate
larger than 0.1. After removal, we calculate the fold
changes of the remaining genes. The fold change is computed using the diﬀerence between the means of the
two groups of samples taking the normalized expression
data at the log level. The genes are ﬁnally sorted by their
fold change in decreasing order, and the data set used
for feature selection consists of the ﬁrst 1, 000 genes in
this ranking.
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Classiﬁcation

We use six classiﬁcation methods, all provided by the
Weka machine learning suite [47], namely Naive Bayes
[48,49], C4.5 decision trees [49,50], Random forest [16],
Nearest neighbor [49,51] and SVM [49,52] with linear and
Gaussian kernel.
As measurement of the classiﬁcation performance of
these algorithms we use their classiﬁcation accuracies.
The classiﬁcation accuracy is deﬁned as the number of
correctly classiﬁed instances divided by the total number
of instances.
All parameters of the machine learning algorithms are
kept at Weka’s default values with two exceptions. First,
for the SVM with Gaussian Kernel, we use the default
parameters of LibSVM [53], because we use the LibSVM
implementation inside the GA/SVM. Second, for classiﬁcation with random forest, we build 1000 trees (default
10), to reduce variability of the results.
Feature selection

We use a wrapper approach combining genetic algorithm
and support vector machine (GA/SVM) [4], as well as two
well known machine learning methods, information gain
[15] and random forest [16]. As the GA/SVM approach
enables us not only to ﬁnd single biomarkers, but also
to identify small sets of genes that are jointly best suited
for training a classiﬁer, this is the method we are most
interested in.
Genetic algorithm

Feature selection with GA/SVM is performed using our
own implementation described in detail in [4], brieﬂy
outlined in the following paragraphs.
The genetic algorithm [54] is a heuristic search method
based on the processes of natural evolution. Starting with
a population of chromosomes that encode problem solutions (in our case the selection of genes/biomarkers) it
improves these chromosomes step by step. This process
proceeds over numerous generations using recombination, mutation and selection until a stopping criterion is
met, in our case 25 generations. The genetic algorithm
is known for good results for a wide range of search
problems.
We start with a population of 200 chromosomes, each
describing a set of approximately 15 genes that are considered potential biomarkers, randomly chosen from the
ﬁltered list of 1000 genes. This gene set is scored by a
ﬁtness function based on the classiﬁcation performance
using a support vector machine [52], as follows:
ﬁtness = (1 − weight) · accuracy + weight
numberOfAllGenes−numberOfSelectedGenes
.
×
numberOfAllGenes
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The ﬁrst part of the ﬁtness function ensures a preference for gene sets with a high classiﬁcation performance,
whereas the second part favours the selection of small
gene sets. As our focus is on ﬁnding correct biomarkers
we choose a small value for weight, setting it to 0.2 [55].
The term accuracy describes the classiﬁcation accuracy
of an SVM with Gaussian kernel. We use the LibSVM
[53] implementation with default parameters performing a six-fold internal cross-validation to estimate the
accuracy of a given gene set. Fitness also depends on
numberOfSelectedGenes, the number of genes that the
chromosome contains. In our case numberOfAllGenes is
constantly set to 1,000 as we are working on data sets
which each consist of 1,000 genes.
Beginning with the start population, we use recombination, mutation and selection to improve it. First, two chromosomes are chosen randomly depending on their ﬁtness,
using roulette wheel selection. Using uniform cross-over
[56] a new chromosome is generated from the two parent
chromosomes. This way 160 new chromosomes are generated. Furthermore, we perform a mutation on 20 more
chromosomes, also chosen by roulette wheel selection. By
mutation, we change approximately 0.15 percent of the
bits (encoding the selection of genes). After performing
cross-over and mutation we choose the best 200 chromosomes out of the 380 available as starting point for the next
generation. This process is repeated 25 times.
The algorithm results in small sets of genes that are best
suited for separating the samples into two classes. In order
to assign a score to each gene and make the results comparable to random forest and information gain, we run
the GA/SVM multiple times and count the frequency of
occurrence of each gene in the resulting gene sets. For
the cross-validated performance analysis we run the algorithm 200 times, while using the whole data set for feature
selection we run it 500 times.
For the interaction analysis we run the GA/SVM 3,000
times and use the resulting small sets for analysis.
A java implementation of the algorithm, NewGa.jar,
is available at http://sourceforge.net/projects/gasvmbmc/
ﬁles/.

Random forest

The machine learning method random forest [16] is based
on an ensemble of decision trees. Starting with a training
set of n samples and m genes, a tree is built by selecting
n samples of the training set randomly with replacement.
Out of the m genes, k genes (with k << m) are selected
randomly. First, the algorithm chooses the gene with the
largest entropy [20] as the root of the tree and splits the
samples into two subsets based on the expression values of
this gene. For each child node the algorithm again chooses
the gene with the largest entropy and splits the remaining
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sample set. This process is repeated recursively until the
leaves contain samples of one class only. As the random
forest consists of several of such decision trees, in our case
1000, classiﬁcation is performed by classifying a sample
by all trees separately and determining the ﬁnal class by
majority voting.
Selecting the samples for growing a tree randomly with
replacement, some samples are selected more than once
and some are never selected. These never selected samples are called out-of-bag instances. To get a measure
of the importance of a gene g, the out-of-bag instances
are classiﬁed and the number of correct classiﬁcations
are counted as cbefore . Before classifying the out-of-bag
instances again, the values of gene g in the out-of-bag
instances are permuted randomly. The new number of
correctly classiﬁed instances is called cafter . The importance of a gene g is given by the diﬀerence between cbefore
and cafter , averaged over all the trees in the forest, it is
called mean decrease accuracy.
Feature selection using random forest is performed
using a custom Weka distribution by Livingston [57].

Information gain

The information gain of a gene g quantiﬁes the information one gains about a class c conditioned on knowing
the gene expression value of g, neglecting the information
of all other genes. Feature selection with the information
gain is performed using Weka machine learning suite [47].

Top genes

To obtain a list of the top 20 most promising biomarkers,
the importance of each gene was computed by each of the
three feature selection methods, the information gain [15],
the random forest [16] and our GA/SVM [4].
The information gain and the random forest both assign
a real-number importance score to each gene. While the
information gain is a deterministic method, the scores
computed by the random forest vary, depending on
the randomly built trees. To minimize the variance, the
importance score given by the random forest is averaged
over three runs. The GA/SVM does not give an explicit
score. It returns a small set of genes that is suitable for
separating the given samples into two classes. To get suitable importance scores, we run the GA/SVM 500 times
and count the occurrence of each gene, this count is used
as the score.
These scores are comparable on the basis of ranking the
genes with respect to their importance. To compute a list
of genes combining the information of all three methods,
the ranks (not the scores) for each gene are averaged over
the three methods and the top 20 genes are chosen by their
average rank.
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Gene set enrichment analysis

We apply a gene set enrichment analysis to evaluate the
biological relevance of our results. To ﬁnd out whether
the genes we select in case of the AD data set are biologically relevant for Alzheimer’s disease, we compare the
genes selected on the AD data set with several established
gene lists associated with Alzheimer’s disease, obtained
in diﬀerent Alzheimer’s disease studies (Genotator [11],
AlzGene [12], Soler et al. [13], Goni et al. [14]) and
well known databases (KEGG [10], GeneCards (www.
genecards.org)).
A standard over-representation analysis (ORA) then
reveals whether the gene sets selected by the three methods are over- or under-represented in the established gene
lists. Taking the approach of using the hypergeometric
distribution as in [58] we estimate how likely the observations are due to chance. As reference set we use the set of
all genes that are annotated on the Aﬀymetrix array.
Gene interactions

We examine pairs of genes that occur in combination in
the same small gene set selected by the GA/SVM. We run
the GA/SVM 3,000 times on the whole 1,000 gene data
set to obtain 3,000 small sets of genes. Each of these small
sets consists of 4 to 15 genes for AD and 2 to 8 genes for
PLURI. The number of diﬀerent gene pairs for a small set
of n genes can be calculated as
n · (n − 1)
.
2
In the following, we deﬁne a joint occurrence as the
co-occurrence of two genes i and j in the same small set
of genes found by the GA/SVM. The actual number of
such co-occurrences in the 3,000 examined small sets is
denoted ki,j , and the number of occurrences of a single
gene i is denoted ki .
Based on the single gene occurrences ki and kj , the
expected frequency of a joint occurrence of genes i and
j, assuming independence of the single occurrences, is
deﬁned as

=
ki,j

ki kj
.
3000

To compute the statistical signiﬁcance of the joint
occurrences, we apply a χ 2 -test [59,60] with 1 degree of
freedom and correct the resulting p-values using false discovery rate correction [46], using a cutoﬀ of 0.05 for the
estimated false discovery rate. As one requirement of the
 has to be larger than 5
χ 2 -test, the expectation value ki,j
[61], so we also dismiss all joint occurrences that do not ﬁt
this criterion.
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As a measurement for the importance of a joint occurrence we use the log-scaled ratio between the actual and
the expected number of occurrences.
 
ki,j
importance joi,j = log 
ki,j

ki,j

If ki,j <
we refer to the gene pair i, j as an underrepresented gene pair, otherwise as an over-represented
gene pair. So, the most over-represented gene pair is the
gene pair with the largest value for importance joi,j and
the most under-represented gene pair is the pair with the
smallest value.
To evaluate the obtained joint occurrences, we use
three reference measurements deﬁned by an SVM with
Gaussian kernel. We classify the samples of the data sets
with an SVM using the gene expression values of each
gene i separately and deﬁne the resulting accuracy as
SVMacci ; calculated by a 10-fold cross-validation on the
whole set of samples. In the same way we determine
SVMacci,j using the gene expression values of both genes
i and j as input. Our three reference values are then
calculated as follows:
1. SVM classiﬁcation accuracy:
SVMacci,j
2. Mean gain of accuracy:
SVMgainMeani,j = SVMacci,j −

SVMacci + SVMaccj
2

3. Minimal gain of accuracy:
SVMgainMini,j = SVMacci,j
− max{SVMacci , SVMaccj }
We accumulate gene pairs by increasing and decreasing importance joi,j and plot the three reference values to
ﬁgure out whether there is a relationship between the classiﬁcation accuracy of a gene pair (relative to the single
genes) and the frequency of its choice by our GA/SVM.
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9. Kraskov A, Stögbauer H, Grassberger P: Estimating mutual information.
Phys Rev E 2004, 69:066138. [http://link.aps.org/doi/10.1103/PhysRevE.69.
066138]
10. Kanehisa M, Goto S: KEGG: kyoto encyclopedia of genes and
genomes. Nucleic Acids Res 2000, 28:27–30.
11. Wall DP, Pivovarov R, Tong M, Jung JYY, Fusaro VA, DeLuca TF, Tonellato
PJ: Genotator: a disease-agnostic tool for genetic annotation of
disease. BMC medical genomics 2010, 3:50+. [http://dx.doi.org/10.1186/
1755-8794-3-50]
12. Bertram L, McQueen MB, Mullin K, Blacker D, Tanzi RE: Systematic
meta-analyses of Alzheimer disease genetic association studies: the
AlzGene database. Nat Genet 2007, 39:17–23.

Scheubert et al. BMC Bioinformatics 2012, 13:266
http://www.biomedcentral.com/1471-2105/13/266

13. Soler-Lopez M, Zanzoni A, Lluis R, Stelzl U, Aloy P: Interactome mapping
suggests new mechanistic details underlying Alzheimer’s disease.
Genome Res 2011, 21:364–376.
14. Goni J, Esteban FJ, de Mendizabal NV, Sepulcre J, Ardanza-Trevijano S,
Agirrezabal I, Villoslada P: A computational analysis of protein-protein
interaction networks in neurodegenerative diseases. BMC Syst Biol
2008, 2:52.
15. Witten IH, Frank E: Data Mining: Practical Machine Learning Tools and
Techniques. Morgan Kaufmann Series in Data Management Systems. second
edition. San Francisco, CA , USA: Morgan Kaufmann; 2005. [http://www.
amazon.com/exec/obidos/redirect?tag=citeulike07-20&path=ASIN/
0120884070]
16. Breiman L: Random forests. Mach Learn 2001, 45:5–32. [http://dl.acm.
org/citation.cfm?id=570181.570182]
17. Welch BL: The generalization of ‘student’s’ problem when several
diﬀerent population variances are involved. Biometrika 1947,
34(1/2):28–35. [http://dx.doi.org/10.2307/2332510]
18. Moler EJ, Chow ML, Mian IS: Analysis of molecular proﬁle data using
generative and discriminative methods. Physiol Genomics 2000,
4:109–126.
19. Chow ML, Moler EJ, Mian IS: Identifying marker genes in transcription
proﬁling data using a mixture of feature relevance experts. Physiol
Genomics 2001, 5:99–111.
20. Shannon CE: A mathematical theory of communication. Bell Syst Tech J
1948, 27:3–55.
21. Cho SB, Won HH: Machine learning in DNA microarray analysis for
cancer classiﬁcation. In Proceedings of the First Asia-Paciﬁc Bioinformatics
Conference on Bioinformatics 2003 - Volume 19, APBC ’03. Darlinghurst,
Australia: Australian Computer Society, Inc; 2003:189–198.
22. Li L, Jiang W, Li X, Moser KL, Guo Z, Du L, Wang Q, Topol EJ, Wang Q, Rao
S: A robust hybrid between genetic algorithm and support vector
machine for extracting an optimal feature gene subset. Genomics
2005, 85:16–23.
23. Chapman G, Remiszewski JL, Webb GC, Schulz TC, Bottema CD, Rathjen
PD: The mouse homeobox gene, Gbx2: genomic organization and
expression in pluripotent cells in vitro and in vivo. Genomics 1997,
46:223–233.
24. Zhou Q, Chipperﬁeld H, Melton DA, Wong WH: A gene regulatory
network in mouse embryonic stem cells. Proc Nat Acad Sci USA 2007,
104:16438–16443.
25. Hidalgo-Sanchez M, Simeone A, Alvarado-Mallart RM: Fgf8 and Gbx2
induction concomitant with Otx2 repression is correlated with
midbrain-hindbrain fate of caudal prosencephalon. Development
1999, 126:3191–3203.
26. Simeone A: Positioning the isthmic organizer where Otx2 and Gbx2
meet. Trends Genet 2000, 16:237–240.
27. Joyner AL, Liu A, Millet S: Otx2, Gbx2 and Fgf8 interact to position and
maintain a mid-hindbrain organizer. Curr Opin Cell Biol 2000,
12:736–741.
28. Ghani M, Pinto D, Lee JH, Grinberg Y, Sato C, Moreno D, Scherer SW,
Mayeux R, St George-Hyslop P, Rogaeva E: Genome-wide survey of
large rare copy number variants in Alzheimer’s disease among
caribbean hispanics. G3: Genes—Genomes—Genetics 2012,
2:71–78.
29. Burgos PV, Mardones GA, Rojas AL, daSilva LL, Prabhu Y, Hurley JH,
Bonifacino JS: Sorting of the Alzheimer’s disease amyloid precursor
protein mediated by the AP-4 complex. Dev Cell 2010,
18(3):425–436.
30. Squillario M, Barla A: A computational procedure for functional
characterization of potential marker genes from molecular data:
Alzheimer’s as a case study. BMC Med Genomics 2011, 4:55.
31. Gebhardt FM, Scott HA, Dodd PR: Housekeepers for accurate
transcript expression analysis in Alzheimer’s disease autopsy brain
tissue. Alzheimers Dement 2010, 6:465–474.
32. Epelbaum J, Guillou JL, Gastambide F, Hoyer D, Duron E, Viollet C:
Somatostatin, Alzheimer’s disease and cognition: an old story
coming of age? Prog Neurobiol 2009, 89:153–161.
33. Fowler CJ, Garlind A, O’Neill C, Cowburn RF: Receptor-eﬀector coupling
dysfunctions in Alzheimer’s disease. Ann N Y Acad Sci 1996,
786:294–304.

Page 16 of 17

34. Joseph JA, Cutler R, Roth GS: Changes in G protein-mediated signal
transduction in aging and Alzheimer’s disease. Ann N Y Acad Sci 1993,
695:42–45.
35. Iqbal K, Liu F, Gong CX, Grundke-Iqbal I: Tau in Alzheimer disease and
related tauopathies. Curr Alzheimer Res 2010, 7(8):656–664.
36. Brockington A, Heath PR, Holden H, Kasher P, Bender FL, Claes F,
Lambrechts D, Sendtner M, Carmeliet P, Shaw PJ: Downregulation of
genes with a function in axon outgrowth and synapse formation in
motor neurones of the VEGFdelta/delta mouse model of
amyotrophic lateral sclerosis. BMC Genomics 2010, 11:203.
37. Tan MG, Chua WT, Esiri MM, Smith AD, Vinters HV, Lai MK: Genome wide
proﬁling of altered gene expression in the neocortex of Alzheimer’s
disease. J Neurosci Res 2010, 88:1157–1169.
38. Duval B, Hao JK: Advances in metaheuristics for gene selection and
classiﬁcation of microarray data. Brief Bioinformatics 2010, 11:127–141.
39. Bonilla Huerta E, Duval B, Hao JK: A hybrid LDA and genetic algorithm
for gene selection and classiﬁcation of microarray data.
Neurocomputing 2010, 73:2375–2383.
40. Hernandez JCH, Duval B, Hao JK: A genetic embedded approach for
gene selection and classiﬁcation of microarray data. In Proceedings of
the 5th European conference on Evolutionary computation, machine
learning and data mining in bioinformatics, EvoBIO’07. Berlin, Heidelberg:
Springer-Verlag; 2007:90–101. [http://dl.acm.org/citation.cfm?id=
1761486.1761495]
41. Aﬀymetrix Power Tools (APT) Software Package 2010. [http://www.
aﬀymetrix.com/partners programs/programs/developer/tools/
powertools.aﬀx]
42. Irizarry RA, Bolstad BM, Collin F, Cope LM, Hobbs B, Speed TP: Summaries
of Aﬀymetrix GeneChip probe level data. Nucleic acids research 2003,
31(4):e15+. [http://dx.doi.org/10.1093/nar/gng015]
43. Irizarry RA, Hobbs B, Collin F, Beazer-Barclay YD, Antonellis KJ, Scherf U,
Speed TP: Exploration, normalization, and summaries of high density
oligonucleotide array probe level data. Biostatistics (Oxford, England)
2003, 4(2):249–264. [http://dx.doi.org/10.1093/biostatistics/4.2.249]
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